Abstract: This paper presents an detailed study about the development of an integrative DR policy for the optimal home energy management system under stochastic environment. In this study, home appliances are classified into three categories and detailed modeling of all kinds of home appliances is given. Then, the optimal HEMS problem is formulated as a stochastic programming model considering the uncertainties of PV production and critical loads to minimize a customer's electricity cost. Monte Carlo simulation method is used to decompose the problem into a mixed integer linear programming problem. Finally, the proposed stochastic programming model is verified through numerical simulation. The simulation results show that the proposed stochastic DR model can reduce the effect of the uncertainties in residential environment on the electricity cost and obtain a better DR policy than the conventional deterministic model.
INTRODUCTION
Demand response (DR) in residential electricity market will be an integrative and essential part of the future smart grid with the advent of smart home appliances and devices [1] . By enabling DR with their smart appliances, residential customers are provided a effective and profitable way to manage their usage of electricity for energy cost reduction, which makes them more willing to participant in demand side management and peak load shaving [2, 3] . To achieve the advantages and fully develop the DR potential in residential sector, a smart home energy management system (HEMS) plays a key role and thus has received a lot of attention lately. A major function of the HEMS is to make the optimal DR control policy for appliances in response to DR signals. At present, two types of DR mechanism are available: incentive-based DR and price-based DR [4, 5] . In incentive based DR, customers sign a contract with a load serving entity (LSE) or a utility company and allow controlling their electric loads directly during peak events or emergency for a certain reward [6, 7] . On the other hand, price-based DR exposes end-user customers to dynamic electricity price, like real-time pricing or time-of-use tariffs, which is ex- pected to spur them to regulate their energy usage for cost reduction [8, 9] . This paper focuses on prise-based DR. A considerable amount of research is found in the pricebased DR literature [10] [11] [12] [13] [14] . The major concern is how to develop efficient DR models and algorithm to optimize the energy usage of different types of loads. For example, In [12] , an regression method is used to model home energy consumption, and then an optimal DR strategy based on particle swam method for the heating, ventilation, and air conditioning system (HVAC) in a house is proposed. In [13] , a dynamic demand response controller is proposed to control HVAC loads through comparing a presetting cost based on customers' preference with the real time electricity price. In [14] , the energy management of energy storage system and electric vehicle in a household environment is studied. However, most existing DR technologies only focus on the optimal operation of each individual type of home appliances [12] [13] [14] [15] . Little research has been conducted in developing an optimal DR policy from an integrative perspective [16, 17] . Theoretically, DR policies for all kinds of appliances should be integrated and studied together considering the different operating features and mutual coordination of all kinds of home appliances. Especially, with more and more PV panels and energy storage systems are deployed in residential houses, an optimal DR that can coordinate the operations between home appliances and PV panels and energy storage system from the integrative perspective of consideration becomes necessary and crucial. In addition, the PV production and energy usage of critical appliances are essentially stochastic. In practice, these random characteristics can bring a negative impact upon the efficiency of the HEMS. Therefore, it is necessary to develop an new efficient DR strategy considering the randomness of PV production and critical loads for residential energy management. Although some solutions for this issue are found in the DR literatures [17] [18] [19] , there is still need for developing a more effective method. For example, In [17] , some random factors including PV generation, electricity price and electricity demands in a house are considered, but the DR policy is not based on optimization principle but a fuzzy logic rule. In [19] , rolling horizon method is used to deal with the uncertainties by solving the optimal DR problem iteratively when detecting deviation from the anticipated signals. However, the optimization horizon for rolling has a great effect on the performance of the method and is hard to tune. This paper presents an detailed study about the development of an integrative DR policy for the optimal home energy management system under stochastic environment. The special contributions of the paper include: (1) An integrative DR mechanism combining all kinds home appliances and energy storage system; (2) A mathematical formulation based on stochastic programming considering the uncertainties of PV production and critical loads; (3) A comparison analysis between the proposed modeling method considering uncertainties and those without the consideration of uncertainties.
APPLIANCE MODELS
Normally, major home appliances in a residential house can be divided into three categories: deferrable, adjustable and critical. Deferrable appliances are those appliances of which the energy consumption cannot be curtailed or interrupted but can be deferred. Adjustable appliances are those of which the energy consumption can be regulated or adjusted. Critical appliances are those of which the energy demand must be power without any delay or curtailment. Deferrable appliances mainly include dishwasher, cloth dryers and washer. Adjustable appliances mainly include heating, ventilation, and air conditioning system (HVAC). Critical appliances includes lights, personal computers and so on. Additional home appliances would include an energy storage system (ESS) and photovoltaic (PV) panels.
Modeling of Deferrable Appliances
Assume that there are D deferrable appliances in total. For deferrable appliance d ∈ D, if it starts to run, it must run with its inherent power pattern over M d time slots successively to fulfill the demand. Let s d i denote the operation state of the appliance d ∈ D in time slot i, which is binary variable with 1 meaning "ON", and 0 meaning "Off". Also assume that the deferrable appliance can be operate within an allowable operation duration
time slots. Then, the operation state s d i should meet the following constraints.
Then, the average power consumed of the appliance in a time slot can be calculated as blow,
where P d is the fixed power pattern of the deferrable appliance d.
Modeling of HVAC
For a HVAC, the energy consumption is mainly related to the indoor temperature, outdoor temperature and thermal conductivity of the house. Therefore, it can be modeled by a simplified thermal model as below [20] ,
where T in i is the indoor temperature and T out i
is the outdoor temperature in time slot i, ε is the inertia factor, and η is the efficiency of the HVAC, A is the thermal conductivity of the house, Q
HV AC i is the energy consumption and P

HV AC i
is the average power of the HVAC in time slot i, Δt is the duration of a time slot. In practice, the power consumption of the HVAC is constrained by its maximum value P
HV AC max
as shown in (6) .
HV AC max (6) At any time, the indoor temperature T in i should be kept around a setting point according to a customer's comfortable preference. Therefore, the indoor temperature should be constrained as below,
where T set denotes the temperature setting and ΔT is the allowable deviation.
Modeling of energy storage system
For an energy storage system, the charging and discharging power is limited within a certain range as below,
where P
ESS i
is the charging/discharging power of the ES-S in time slot i, P be 1 if the ESS is charging or 0 if it is discharging, then the dynamic energy level of the ESS can be modeled as below,
where E ESS i is the energy level of the ESS at the end of the time slot i, and η ch and η d are the charging and discharging efficiency of the ESS, respectively. Besides, the energy (10) where E ESS max and E ESS min is the maximum and minimum capacity of the ESS.
Modeling of PV Production and Critical Appliances
In modeling of the PV production and critical appliances, random time series is used. Denote the PV production and energy usage of critical appliances over a certain amount of time slots by {P (ω) are random variables with certain distributions. For modeling convenience, we add the two random variable up and replace the sum with a random variable with a different probability distribution, denoted by P pc i . It is obvious that using P pc i to make the optimal DR policy will not affect the optimal DR results. Generally, the PV production and the energy usage of critical load need to be predicted to make the optimal DR policies. However, the uncertainties often lead to a deviation from the predictive value. Out of this consideration, we split the random variables P pc i (ω) into a deterministic part, which represent of the prediction, and a true random part, which stands for the prediction errors. Then the random variables P pc i (ω) can be expressed as below,
where, P pc i is the prediction and e pc i (ω) is the random prediction errors.
PROBLEM FORMULATION
The main objective of home energy management is to make the optimal DR policy for all kinds of home appliances to minimize a customer's electricity usage. However, cost minimization oriented objective may cause that all appliances are operated in low price hours and form a peak demand. To avoid this problem, an upper limitation on the exchanged power with the utility is put on the HEMS. Nevertheless, this will bring a new problem. This limitation may be broken in practice because the energy consumption of critical appliances are random. A effective solution is to imposed a punishment when the limitation is broken and try to minimize the punishment in the sense of expectation. Then, a two stage stochastic programming model is needed to formulate the integrative DR problem as below, (1) - (11) ( 12) where P (ω) is the power in excess of limitation, which is a random variable; r i stands for the electricity price in time slot i, which is assumed to be available from the publication of the load serving entity (LSE) one day ahead. Nevertheless, one can noted that it is computational intractable to solve the stochastic optimal model because the explicitly functional form of the expectation of continuous random variable in the objective contains high dimensional integral operation. Therefore, an approximation is needed to calculated the expectation using some discrete samples ω s , s = 1, 2, . . . , n of the random prediction error variable e pv i (ω) from its probability space (Ω, P) for all i. It is worth mentioning that Monte Carlo simulation method can be used to generate a the discrete random samples. As a result, the original model can be decomposed into the following mixed integer linear programming problem.
. . .
and (1) - (11) 
It is easy to prove that when n goes to infinite the approximated problem is equivalent to the original problem based on Bernoulli's law of large numbers (LLN) [21] , as shown below.
CASE STUDY
In this section, the proposed DR optimization model is validated. In the simulation, the adjustable appliance is a H-VAC; the deferrable appliances include a washing machine, a clothes dryer and a dishwasher; the critical appliances are aggregated. The simulation time is set to be from the midnight of a day to that time of the next day and the time interval for each time slot is set to be 1 hour. All used appliance parameters and characteristics are listed in The random forecast errors of the PV production and the power consumption of the critical appliance are assumed to follow a standard normal distribution N (1, 0). Then, all adopted data, which is depicted in Fig. 1 , is loaded into the simulation. The proposed optimal DR problem is coded in MATLAB R2015a, and YALMIP [26] is employed to solve the optimization problem. The simulations are carried out on an Intel(R) Core(TM) i5-2400, 3.10 GHz personal computer with 4 GB RAM memory. In order to show the advantage of the proposed model, we compare the DR optimization result using the proposed stochastic model with the result using a conventional deterministic model not considering the uncertainties. In the deterministic model, the PV production and energy consumption of critical appliances are considered to be able to predicted perfectly. Once the DR solutions based on the deterministic model and stochastic model are obtained, they are enforced in practice using the real value of the PV production and power consumption of critical appliances on the next day. Then, the results of practical operation based on the two kinds of modeling methods are compared. The optimal DR solutions based on the deterministic model and the proposed stochastic programming model for all kinds of home appliances are depicted in Fig. 2 . It can be seen from the figure, both of the two kinds of DR poli- cies are able to shift their electricity consumptions from high price hours to low price hours while meeting the customer's demand. During the peak price hours around 8AM and 7PM, a clear power consumption decline appears in the operation of HVAC whether based on the deterministic method or the proposed stochastic one. Besides, the deferrable appliances, including the washer, the clothes dryer and the dishwasher, are all operated and run during valley price hours around 2PM and midnight within their own allowable operating time intervals. Also, the energy storage system charges from the utility during valley price hours and discharges to supply power to the home appliances during the peak ones in order to reduce the electricity purchasing cost. Meanwhile, the total power in the house in each time slot is under the upper limitation, which means the total power consumption constraint is met. However, the comparison of practical operation results between the two kinds of modeling methods, which is depicted in Fig. 3 , shows the proposed stochastic model can lead to a better DR policy that help a customer saves more money and flatten the total power consumption over a day. As it can be seen in Fig. 3 (a) , both of the two kinds of modeling methods cause violations of the upper limitation of total power in practice, but the extent and odds of violation based on the proposed stochastic method is much smaller than that of the deterministic one. This is because the proposed stochastic modeling model can consider the effect of uncertainties in the PV production and power consumption of critical appliances. As a result, the stochastic model causes less punishment than the deterministic model does. As shown in Fig. 3 , the total electricity cost based on the stochastic model is $3.8188, which is less than the total cost based on the deterministic model, which is $4.3868.
CONCLUSIONS
This paper develops an integrative demand response strategy based on two stage stochastic programming model for home energy management considering uncertainties in PV production and power consumption of critical appliances. The developed DR strategy does not only consider the different operating features and mutual coordination of all kinds of home appliances, but also reduce the effects of uncertainties on the electricity cost. The simulation results show that using the proposed two-stage stochastic programming model can obtain a better DR strategy, which help a customer save more money, than using the conventional deterministic mode can do.
